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Abstract: Drought is a recurring phenomenon in Ethiopia that significantly impacts the socioeconomic
sector and various components of the environment. The overarching goal of this study is to assess
the spatial and temporal patterns of meteorological drought using a satellite-derived rainfall product
for the Upper Blue Nile Basin (UBN). The satellite rainfall product used in this study was selected
through evaluation of five high-resolution products (Climate Hazards Group InfraRed Precipitation
with Stations (CHIRPS) v2.0, Precipitation Estimation from Remotely Sensed Information using
Artificial Neural Networks (PERSIANN), African Rainfall Climatology and Time-series (TARCAT)
v2.0, Tropical Rainfall Measuring Mission (TRMM) and Africa Rainfall Estimate Climatology version
2 [ARC 2.0]). The statistical performance measuring techniques (i.e., Pearson correlation coefficient
(r), mean error (ME), root mean square error (RMSE), and Bias) were used to evaluate the satellite
rainfall products with the corresponding ground observation data at ten independent weather
stations. The evaluation was carried out for 1998–2015 at dekadal, monthly, and seasonal time scales.
The evaluation results of these satellite-derived rainfall products show there is a good agreement
(r > 0.7) of CHIRPS and TARCAT rainfall products with ground observations in majority of the
weather stations for all time steps. TARCAT showed a greater correlation coefficient (r > 0.70) in seven
weather stations at a dekadal time scale whereas CHIRPS showed a greater correlation coefficient
(r > 0.84) in nine weather stations at a monthly time scale. An excellent score of Bias (close to one)
and mean error was observed in CHIRPS at dekadal, monthly and seasonal time scales in a majority
of the stations. TARCAT performed well next to CHIRPS whereas PERSSIAN presented a weak
performance under all the criteria. Thus, the CHIRPS rainfall product was selected and used to
assess the spatial and temporal variability of meteorological drought in this study. The 3-month
Z-Score values were calculated for each grid and used to assess the spatial and temporal patterns of
drought. The result shows that the known historic drought years (2014–2015, 2009–2010, 1994–1995
and 1983–1984) were successfully indicated. Moreover, severe drought conditions were observed
in the drought prone parts of the basin (i.e., central, eastern and southeastern). Hence, the CHIRPS
rainfall product can be used as an alternative source of information in developing the grid-based
drought monitoring tools for the basin that could help in developing early warning systems.
Keywords: drought assessment; CHIRPS; satellite rainfall; evaluation; Upper Blue Nile Basin
1. Introduction
Drought is one of the most costly weather extremes that occurs in different parts of the world
every year. It affects many sectors, causes large economic losses and threatens human life and the
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environment [1–4]. Ethiopia has been impacted by recurrent and prolonged drought events that have
affected a large proportion of the population, destroyed crops and killed livestock. Severe historic
drought events have occurred in the country in the past few decades [5,6]. Some of the notable
droughts (such as those in 2014–2015, 2009–2010, 1994–1995 and 1983–1984) covered the majority of
the country [5–8]. Based on data obtained from Centre for Research on the Epidemiology of Disasters
(CRED) (http://www.emdat.be/database, accessed on March 2017), the 1983–1984 drought was one
of the most severe drought years, with 22% of the total population (~35 million) affected [9]. Drought
affects the agricultural sector, which relies on adequate and timely seasonal rainfall. More than 85% of
the population in Ethiopia depend on income generated from agricultural products [10]. However,
agricultural practices are very primitive and predominantly rain-fed [11]. In addition, the high
variability of rainfall in both space and time leads to high variability of the available water at the root
zone [12,13]. Drought monitoring and early warning systems are crucial to mitigate drought’s adverse
impacts in the country [8].
In general, drought monitoring includes the wide application of drought indices that measure the
deficit of hydrologic cycle components, as compared to the long-term mean [14,15]. The long-term
mean is used as a reference to measure the deviation of a particular event. Accordingly, meteorological
drought is defined based on the degree of dryness or deviation from normal or average amount
of rainfall for a prolonged period [16]. The deficit in meteorological parameters (mainly rainfall)
can be considered as a precursor for the deficit of other hydrological water cycle components (river
flow, ground water flow, reservoir storage, etc.), known as hydrological drought. The deficit of
readily available water for plants to use to satisfy water demand is often defined as agricultural
drought [17–19]. Meteorological drought can be considered as an early indication of drought before
it affects the agricultural and hydrological water components [20]. The meteorological drought
monitoring system depends on the availability of rainfall data at adequate spatial and temporal scales.
However, getting a reliable climatic record of rainfall amounts at weather observing stations that are
evenly distributed over the area is one of the main challenges, particularly in developing countries
such as Ethiopia [21,22]. To address these challenges, satellite-based rainfall estimates/products are
becoming increasingly available for use at global and regional scales. The main advantage of the
remote sensing based rainfall products is that they are reasonably good in terms of spatial and temporal
coverage and have proved their applicability to climate and hydrological studies [23,24]. However,
their accuracy has to be evaluated and compared with ground truth rainfall measurement before using
it for further application in drought and other natural hazards studies [25–27].
Several studies have attempted to compare and evaluate satellite rainfall products with ground
observations across many watersheds. For example, evaluation of the satellite rainfall products
was undertaken through hydrologic simulation in semi-distributed (Soil and Water assessment
tool—SWAT) [27] and fully distributed (MIKESHI) hydrologic models [28] in small watersheds in
the Upper Blue Nile Basin. Hydrological models use many input parameters together with rainfall
to represent the complex nature of the hydrological processes in a given catchment and hence the
contribution of rainfall might sometimes be dominated by other input parameters (e.g., land use
change, water holding capacity). Other studies have evaluated satellite rainfall products such as
the Climate Prediction Center’s morphing technique (CMORPH), the Tropical Rainfall Measuring
Mission (TRMM), the Multi-satellite Precipitation Analysis (TMPA) near-real-time product (3B42RT),
and the TMPA method post-real-time research version product (3B42) in the UBN basin [23,25,26,29,30].
Seven satellite rainfall products—Africa Rainfall Estimate Climatology (ARC 2.0), Climate Hazards
Group InfraRed Precipitation with Stations (CHIRPS), Precipitation Estimation from Remotely Sensed
Information using Artificial Neural Networks (PERSIANN), African Rainfall Estimation (RFE 2.0),
Tropical Applications of Meteorology using SATellite (TAMSAT), African Rainfall Climatology and
Time-series (TARCAT), and Multi-satellite Precipitation Analysis (TMPA)—were evaluated and
compared with ground weather station data for Burkina Faso, West Africa [31]. The study indicated
that RFE performed best and TARCAT was the weakest [31]. Similar studies (e.g., study [32]) carried
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out for Mozambique showed TARCAT outperforming based on the majority of statistical measures of
skill. However, limited studies have been conducted on assessing the applicability of satellite rainfall
for meteorological drought monitoring, particularly for the UBN basin in Ethiopia.
These satellite products have long-term recorded data, which is an advantage for drought study.
Moreover, they represent and capture the spatial variability of rainfall, which is useful for studying the
spatial patterns of drought in the UBN basin. This study focus on the spatial and temporal assessment
of meteorological drought in the Ethiopian highlands (UBN basin) using better satellite rainfall
products. For this purpose, five satellite rainfall products (ARC 2.0, CHIRPS, PERSIANN, TARCAT,
and TMPA) were first evaluated with respect to weather station data to identify and recommend the
best satellite-derived rainfall product for drought monitoring in the basin.
2. Study Area
The Ethiopian part of the UBN, also known as the Abbay Basin, is located in the northwestern
region of the country between 7◦40′N and 12◦51′N latitudes and 34◦25′E and 39◦49′E longitudes
(Figure 1). The UBN basin ranks as the largest river basin of the country by its volume of discharge and
the second largest by its area [33]. It is also the largest tributary of the Nile River (60% of the Nile total
flow), covering a total drainage area of 176,000 km2 [34]. The UBN basin is the most important water
resource for Ethiopia, Sudan and Egypt. Lake Tana, the largest lake in Ethiopia (about 3000 km2) is
located in the north part of the basin. The topography of the UBN basin signifies two distinct features:
the highlands with rugged mountainous areas in the central and eastern part of the basin, and the
lowlands in the western part of the basin. The altitude in the basin ranges from 492 m in the lowlands
to 4261 m in the highlands. While the highlands are the main source of water, the lowlands have
expanses of flat lands through which the accumulated flows travel from the highlands to the lower
riparian countries (i.e., Sudan and Egypt). The annual rainfall ranges from 787 to 2200 mm, with the
highlands having the highest rainfall (ranging from 1500 to 2200 mm) and the lowlands receiving
less than 1500 mm [33–35]. The basin experiences bimodal rainfall seasons locally called Belg and
Kiremit. Belg is a short rainfall season from March to May whereas Kiremit is the main rainfall season,
from June to September, and its failure often causes drought and resulting famine in the basin [33,36].
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Figure 1. The location of the Upper Blue Nile (UBN) basin. The red circles denote the location of the
weather stations used to study the temporal assessment of drought and the green circles show the
location of the independent weather stations used for validation of satellite rainfall product.
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3. Data Used
3.1. Weather Station Data
The observed daily rainfall data from 1998 to 2015 for 23 independent weather stations were
obtained from the Ethiopian National Meteorological Agency (NMA). The quality of the data was
checked [8] and stations having more than 20% missing data were discarded from use. Accordingly,
10 independent stations (Figure 1, denoted by green circles) representing different agro-climatic zones
were selected and used in this study. Dekadal, monthly, and seasonal data were calculated from the
daily rainfall records for each weather station. The historical record of the observed rainfall data varies
from station to station. Thus, these 10 weather stations (denoted by green circles in Figure 1) were
used for validation of the satellite rainfall products.
3.2. Satellite Data
Brief descriptions of the five satellite-derived rainfall products that were selected for evaluation
in this study are given in Table 1. These products were selected because of the availability of long time
series of data in near-real time, relatively high spatial and temporal resolutions, and free access to the
data. Short descriptions of these data are given below.
i. CHIRPS was developed by the U.S. Geological Survey (USGS) and the Climate Hazards Group
at the University of California, Santa Barbara (UCSB). CHIRPS is a blended product combining
a pentadal precipitation climatology, quasi-global geostationary TIR satellite observations
from the CPC and the National Climate Forecast System version 2 (CFSv2) [37] and in situ
precipitation observations [38].
ii. TARCAT v2.0 was produced by TAMSAT using archived Meteosat thermal infrared imagery,
calibrated against weather station records [39,40].
iii. ARC incorporates geostationary IR, polar orbiting microwave SSM/I and AMSU-B satellite
data and gauge data. ARC uses 3-hourly geostationary IR data centered over Africa from
the European Organization for the Exploitation of Meteorological Satellites (EUMETSAT)
and quality-controlled GTS gauge observations reporting 24-h rainfall accumulations over
Africa [41].
iv. PERSIANN, developed by the Center for Hydrometeorology and Remote Sensing
(CHRS) at the University of California, Irvine (UCI) [42], uses neural network function
classification/approximation procedures to compute an estimate of rainfall rate at each
0.25◦ × 0.25◦ pixel of the infrared brightness temperature image provided by geostationary
satellites. An adaptive training feature facilitates updating of the network parameters whenever
independent estimates of rainfall are available. The PERSIANN system was based on
geostationary infrared imagery and later extended to include the use of both infrared and
daytime visible imagery [29,43–47].
v. The TRMM is a joint space mission between NASA and the Japan Aerospace Exploration
Agency (JAXA) designed to monitor and study tropical and subtropical precipitation and
the associated release of energy. The most widely used outputs are the TMPA 3-hourly
(TRMM 3B42) accumulated to daily, and monthly (TRMM3B43) products [39]. The TMPA
depends on input from a variety of sensors and sources: the TRMM Precipitation Radar (PR);
the TRMM Microwave Imager (TMI); the Advanced Microwave Scanning Radiometer for the
Earth Observing System (AMSR-E) on Aqua; the SSM/I and the Special Sensor Microwave
Imager/Sounder (SSMIS), both on the Defense Meteorological Satellite Program (DMSP);
the AMSU-B and the Microwave Humidity Sounder (MHS), both on the NOAA satellite series;
the IR data collected by the international constellation of geosynchronous earth orbit (GEO)
satellites; and the GPCP precipitation gauge analysis from the Global Precipitation Climatology
Centre (GPCC). Some of these sensors are no longer functional [48]. The Global Precipitation
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Measurement (GPM) mission is built up on the success of TRMM. GPM advances over TRMM
on its extended capability to measure light rain, solid precipitation and the microphysical
propertied of precipitation particles [39]. The TRMM 3B42 V7 product (TMPA) have been used
in this study.
Table 1. Summary of the five satellite products used in this study.
Satellite Rainfall Product Temporal Coverage Spatial Resolution Temporal Resolution
CHIRPS Version 2.0 1 1981–present 0.05 (~5 km) Daily
TARCAT Version 2.0 2 1983–present 0.0375◦ (~4 km) Dekadal
ARC Version 2.0 3 1983–present 0.1◦ (~10 km) Daily
PERSIANN-CDR 4 1983–present 0.25◦ (~27 km) Daily
TMPA 3B42 Version 7.0 5 1998–present 0.25◦ (~27 km) 3-hourly
Source: 1 [38], 2 [39,40], 3 [41], 4 [47], 5 [48].
4. Method
4.1. Evaluation of Satellite-Derived Rainfall
In this study, the evaluation of the satellite rainfall products has been carried out for the period
from 1998 to 2015 using measured rainfall data from ten independent weather stations in the Ethiopia
highlands. The majority of the satellite rainfall products blend the ground-based weather stations data
to enhance its accuracy and reliability. Hence, evaluation with independent data set is crucial in the
study region to identify the satellite product that reproduces the measured data relatively well. There
are more than 94 operational weather stations in the study region; however, most of them are used in
the blending process in the majority of satellite rainfall products. The selection of the independent
weather stations also accounted the relative location of each station in different agro-climatic zone
and availability of good records during the study period. Next, the grid values of the satellite rainfall
estimates are compared to the ground-based observations regardless of the positions of the weather
stations within the grid box. This means, point-to-grid comparison is followed in this study irrespective
of the different grid size of each satellite product. Some differences might be expected in point-to-pixel
comparison given the different spatial and temporal uncertainties [25,27]. The evaluations of the
satellite rainfall products were conducted at dekadal, monthly and seasonal time scales through
accumulating the daily rainfall data. For example, the dekadal (10-day) data of the weather stations
were calculated using the daily accumulation of rainfall for each station. Similar approaches were
applied for TRMM data, as the original data were obtained at a finer temporal scale (3 h). In each
month, the first two dekads comprise 10 days and the third dekad comprises 8–11 days, depending on
the month.
4.2. Evaluation Statistics
The pairwise comparison statistics techniques such as Pearson correlation coefficient (r), Mean
Error (ME), Root Mean Square Error (RMSE) and Bias were used to evaluate the satellite estimates of
rainfall. These techniques are commonly used in many research efforts [25,27].
The Pearson correlation coefficient (r) is used to measure the goodness of fit and linear association
between two variables. It measures how well the satellite rainfall product corresponds to the observed
rainfall; see Equation (1). Its value ranges between 0 to 1 in which one indicates the perfect score.
r =
∑
(
O−O)(S− S)√
∑
(
O−O)2 √∑(S− S)2 (1)
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where r is the correlation coefficient, O = gauge rainfall measurement, O = average gauge rainfall
measurement, S = satellite rainfall estimate, S = average satellite rainfall estimate, and n = number of
data pairs.
ME estimated the average error (Equation (2)); a positive value indicates an overestimate of the
satellite rainfall whereas a negative value indicates an underestimate as compared to the observed
rainfall. ME values of zero is the perfect score.
ME =
1
n∑(S−O) (2)
where ME is the mean error, O = gauge rainfall measurement, and S = satellite rainfall estimate.
The RMSE is used to measure the average magnitude of the estimated errors between the satellite
rainfall and the observed rainfall; see Equation (3). A lower RMSE value means greater central
tendencies and small extreme error. RMSE value of zero is the perfect score.
RMSE =
√
1
n∑(S−O)
2 (3)
where RMSE is the root mean square error, O = gauge rainfall measurement, and S = satellite
rainfall estimate.
Bias reflects how well the mean of the satellite rainfall corresponds with the mean of the observed
rainfall; see Equation (4). A Bias value closer to one indicates the cumulative satellite rainfall estimate
is closer to the cumulative observed rainfall. Bais value of one is the perfect score.
Bias = ∑
S
∑O
(4)
where O = gauge rainfall measurement, and S = satellite rainfall estimate.
4.3. Spatio-Temporal Assessment of Meteorological Drought
In this study, five satellite rainfall products were evaluated to identify the best product to use for
further application in dealing with water-resource-related problems such as drought. The long-term
record (1983–2015) of the best performing satellite rainfall product was used to study the spatial and
temporal extent and pattern of meteorological drought in the basin. The monthly time series data was
the base to calculate the 3-month Z-Score values for each grid using Equation (5). The 3-month Z-Score
is often used to characterize the shortfall of rainfall during the rainfall season and its consequence
for the reduction of crop yield [14]. The Z-Score approach is similar to the Standardized Precipitation
Index (SPI), a commonly used meteorological drought index, although its assumption of rainfall being
normally distributed might not be valid all the time. Z-Score is used in this study because of its
wide application in meteorological drought studies. Unlike other widely used meteorological drought
indices (e.g., Palmer Drought Severity Index (PDSI), and Standardized Precipitation Evapotranspiration
Index (SPEI)), Z-Score only uses rainfall data to characterize drought. The drought severity of the
3-month Z-Score was categorized based on McKee’s [49] classification, as shown in Table 2. The time
series values of the 3-month Z-Score at the corresponding locations of the representative stations
(Figure 1, denoted by red circles) were extracted and analyzed to study the frequency, severity and
duration of the meteorological drought. The performance of the Z-Score was evaluated on how well
it characterized the known historic drought years (2014–2015, 2009–2010, 1994–1995 and 1983–1984).
The outcome of this study was compared with previous studies that often used 3-month SPI for
drought assessment [8,50].
Z-Score = (X − µ)/σ, (5)
where, X is the value of the particular event; µ is the long term mean; σ is the long-term
standard deviation.
Remote Sens. 2017, 9, 669 7 of 17
The spatial assessment of the meteorological drought for the main rainfall season (Kiremit) was
produced for 1983–2015. The extent of the droughts during the known historic drought years were
assessed, and two recent drought years (2009 and 2015) and one wet year (2006) were selected for
further discussion in this study.
Table 2. SPI values to categorize drought.
SPI Values Drought Category
−2.00 and less Extreme drought
−1.50 to −1.99 Severe drought
−1.00 to −1.49 Moderate drought
0 to −0.99 Near normal or mild drought
Above 0 No drought
5. Results and Discussion
5.1. Evaluation of Satellite Rainfall
In this study, five satellite rainfall products were investigated to identify the best product to use
for spatial and temporal assessment of meteorological drought at dekadal, monthly and seasonal
time scales. The evaluation was carried out using data for the period from 1998 to 2015. A daily
comparison was not carried out because of the weak performance reported in previous studies on
other watersheds/basins [31,32].
5.1.1. Dekadal Comparison
Figure 2 shows the plots of statistical indicators obtained for weather stations against the different
satellite estimates. In general, the result shows a good agreement between the weather stations
and satellite estimates, with the correlation coefficient values ranging from 0.5 to 0.89. Relatively,
higher correlation coefficients were obtained when CHIRPS (0.88 to 0.69) and TARCAT (0.89 to
0.70) were correlated with data from the weather stations. The lowest correlation coefficient (0.5)
was obtained when TMPA rainfall were correlated with the measured rainfall weather data at
the Dek Istifanos weather station (Figure 2a). A mean Bias relatively close to one was scored
by CHIRPS (0.97) and TMPA (0.95) more often than other products. This shows there is a good
agreement between the cumulative values of CHIRPS and TMPA rainfall estimates and the cumulative
value of each weather station. PERSIANN showed high mean Bias (0.6) and hence the cumulative
values were underestimated. The cumulative values of PERSIANN, ARC and TARCAT rainfall
were underestimated in all stations except Assossa, whereas CHIRPS and TMPA overestimated the
cumulative values in half of the total number of weather stations (Figure 2b). In addition, CHIRPS
showed low ME (average−3.01 mm dekad−1) and RMSE (average 30.63 mm dekad−1) relatively close
to zero, whereas PERSIANN showed higher values (average 41.50 mm dekad−1) deviating from zero.
Figure 3 shows the scatter plots produced between the point-based dekadal data of the weather
stations versus the five satellite-based rainfall estimates. A relatively higher coefficient of determination
values (R2 = 0.7) was observed for CHIRPS and TARCAT rainfall estimates whereas a lower value
(R2 = 0.48) was observed in the TMPA rainfall estimate. The trend line of CHIRPS rainfall is converging
to the 45◦ line, which shows the existence of a good agreement between CHIRPS rainfall and gauge
rainfall whereas PERSIANN is relatively diverging from the 45◦ line.
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Figure 2. The statistical indicators—correlation coefficient (a), Bias (b), mean error (c) and root mean
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5.1.2. Monthly Comparison
The monthly comparison of the satellite-derived rainfall with the weather stations was carried
out using statistical approaches similar to those noted in Section 5.1.1 for the dekadal time scale.
The comparison was carried out using an independent rainfall dataset obtained from the ten weather
stations shown in Figure 1. In general, good agreement between the five satellite-based rainfall
estimates and the weather station-based rainfall observations was found using Pearson’s correlation
coefficient (r), ranging from 0.54 to 0.95 (Figure 4a). CHIRPS scored the maximum r (0.95) at
Gebreguracha station; the minimum was scored by ARC (r = 0.54) at Agaro station (Figure 4a).
Overall, CHIRPS correlated very well, with correlation coefficient (r) values ranging from 0.82 to 0.95
compared to the other satellite rainfall products in all weather stations except Bedele, which scored
the second highest correlation coefficient value (r = 0.82). Next to CHIRPS, TARCAT scored the next
highest correlation coefficient values (ranging from 0.75 to 0.93). In addition, CHIRPS and TMPA
showed mean Bias scores of 0.98 and 0.94, respectively, which are close to the perfect score of 1.00
(Figure 4b). PERSIANN scored the weakest mean Bias of 0.6 whereas ARC and TARCAT scored better
than PERSIANN (0.71 and 0.79 respectively) but relatively weaker than CHIRPS and TMPA. In other
words, cumulative estimates of CHIRPS and TMPA were close to the observed rainfall in 80% of
the total validation weather stations whereas PERSIANN and ARC underestimated in all gauging
stations. TARCAT showed closer cumulative results in 20% of the weather stations. TARCAT scored
the best ME (0.55 mm month−1) and RMSE (17.07 mm month−1) values at Assossa and Asgori stations,
respectively. However, CHIRPS scored the best ME and RMSE in 50% and 80% of the total validation
weather stations, respectively (Figure 4c,d).
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The scatter plots in Figure 5 were also produced using the monthly time series data of all the
stations against the satellite-based rainfall products that were extracted at the corresponding locations
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of the weather stations. The highest coefficient (R2 = 0.86) was scored by CHIRPS. TARCAT scores
the next highest (R2 = 0.83) whereas TMPA scores the lowest (R2 = 0.68). However, the trend lines of
CHIRPS and TMPA follow the 45◦ line that showed similarity in variability with the gauged rainfall.
 
Figure 5. Scatter plots between the weather stations versus the five satellite-based rainfall estimates at
a monthly time scale.
5.1.3. Seasonal Comparison
The failure of the main seasonal rainfall most often causes devastation in the basin since
agricultural practices are fully dependent on the seasonal rainfall. The main rainy season in the
UBN basin is from June to September. The satellite precipitation estimates were also analyzed at
a seasonal time scale. The monthly precipitation data from June to September were added to estimate
the seasonal total precipitation for each weather station and each satellite-derived rainfall product
(at grid points corresponding to the ten stations). This resulted in 180 seasonal time series data
(pairs) over the ten weather stations for each satellite product. Table 3 summarizes the statistical
indicators derived using the seasonal time series data. In general, there is good agreement between
the satellite products and gauging stations, with correlation coefficients (r) ranging from 0.64 to 0.79.
The maximum correlation coefficient (r = 0.79) was obtained with CHIRPS, whereas PERSIANN
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showed the minimum correlation coefficient (r = 0.64). All the satellite rainfall products underestimated
seasonal rainfall amounts as compared to the observed rainfall (Bias < 1). Generally, CHIRPS
performance is relatively good because minimum mean error (ME = −27.93 mm season−1) and
root mean square error (RMSE = 93.27 mm season−1) were scored at the seasonal scale. In addition,
the Bias scored by CHIRPS is close to the perfect score of one (Bias = 0.88) as compared to the other
satellite-derived products. Again, PERSIANN performed the least (Bias = 0.59) at the seasonal scale. 1.
Table 3. Summary of the seasonal statistical indicators.
Data Set r ME Bias RMSE
CHIRPS 0.79 −27.93 0.88 93.27
PERSIANN 0.64 −95.21 0.59 145.05
TARCAT 0.73 −73.04 0.69 122.79
TMPA 0.71 −34.34 0.85 108.61
ARC 0.73 −91.52 0.61 134.77
In this study, the satellite rainfall products at three time scales (i.e., dekadal, monthly, and
seasonal) were analyzed to identify satellite-derived rainfall data that could potentially be used
for meteorological drought assessment in the UBN basin. Overall, the performance of the five
rainfall-based satellite products (i.e., CHIRPS, TARCAT, TMPA, PERSIANN and ARC) over the
UBN basin is promising for further application in drought years. The result of comparative evaluation
of these five satellite products showed that CHIRPS is the best satellite-derived rainfall data at dekadal,
monthly, and seasonal time scales. Thus, CHIRPS was selected in this study for further application in
the spatial and temporal assessment of meteorological drought in the UBN basin.
5.2. Spatio-Temporal Assessment of Meteorological Drought
The spatial and temporal assessment of meteorological drought was previously studied for
the basin (e.g., study [8]) using rainfall data from 34 meteorological stations. However, relatively
few meteorological stations were used to represent the total area of the UBN basin (~176,000 km2).
In addition, the weather stations were not evenly distributed over the area, which might affect the
quality of the spatial drought assessment. The remote-sensing-based estimates of rainfall are assumed
to improve the spatial representation, particularly in areas where the number of weather stations is
limited. Hence, the CHIRPS rainfall estimates were used in the subsequent sections to study the spatial
and temporal assessment of meteorological drought in the basin for the period from 1983 to 2015.
5.2.1. Temporal Drought Assessment
Figure 6 illustrates the time series plots of the 3-month CHIRPS Z-Score at the six selected
representative weather stations (i.e., Debremarkos, Gondar, Arjo, Chagni, Alemketema and Assossa)
for the period 1983 to 2015 during Kiremit season. The result shows the occurrence of moderate
to severe drought events in the study region. For example, 2014–2015, 2009–2010, 1994–1995 and
1983–1984 were some of the historic drought years in the country. The temporal assessment of the
meteorological drought indicated the occurrence of those drought years with different severity levels.
For example, severe to extreme drought conditions were observed in 2014–2015 in all stations except
Assossa with drought intensity ranging from −1.52 to −3.28. The minimum intensity was indicated at
Debremarkos station (−3.28). In general, the stations located in the eastern, southern and northern parts
of the basin indicated more substantial drought than the stations located in the western part. Relatively
persistent droughts have been observed in the years 2014–2015 and 1994–1995. Figure 6 further shows
the trend of the frequency of occurrence of drought in the region. Although the trends were statistically
insignificant, a relatively strong trend of increasing frequency was observed in the six stations during
this season. Regular monitoring of this increasing trend is therefore recommended since Kiremt is
the main rainy season in the basin on which agricultural production is highly reliant. The temporal
assessment results obtained in this study are in line with the previous findings (e.g., study [8]). Hence,
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CHIRPS rainfall can be used as an alternative source of information in developing drought monitoring
and early warning systems for the basin.Remote Sens. 2017, 9, 669  12 of 17 
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Figure 6. Time series pl ts of 3-month Climate Hazards Group InfraRed Precipitation with Stations
(CHIRPS) Z-Score at six selected weather stations for 1983–2015.
5.2.2. Spatial Drought Assessment
The spatial patterns of meteo ol gical ro ght over th basin were studie within the tudy
period; however, two recent drought years (2009 and 2015) and one no - rought year (2006) were
selected for further demonstration and discussion in this section (Figure 7). According to the news
agencies, the 2015 drought was reported as one of the most severe recent droughts in the country, and it
extended into 2016 in some parts of the country (http://www.unocha.org/el-nino-east-africa; [6]).
A United Nations repor indicated that abo t 8.2 million people needed emergency food aid, as
reported by the Aljazeera news agency i November 2015 (http://www.aljazeera.com/news/2015/
11/ethiopia-hit-worst-drought-decades-151112154747151.html). Figure 7 shows the spatial extents of
drought during the main rainy season (June, July, August and September) in the basin. The severity of
the 2009 and 2015 droughts are indicated by their spatial extent. Extreme drought was observed in the
majority of the basin during these years. For example, the central, eastern, northern and northeastern
parts were aff cted by extreme drought in 2015 whereas sev re drought was observed in central,
eastern and northwestern parts in 2009. The year 2006 was also indicated as a non-drought year since
all parts except some pockets (mild drought) were shown as non-drought condition. The spatial extents
of other historic drought years were also indicated by the index (not shown). In general, the index
clearly indicated the drought and wet years in the basin. Hence, the CHIRPS precipitation product can
be used to study the spatial assessment of drought and to develop the drought monitoring and early
warning system in the basin.
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6. Summary and Conclusions
The availability of satellite-derived rainfall products at local and global scales has proved to be
beneficial in filling the data gap, particularly in developing countries that have data scarcity. However,
evaluating these rainfall products is essential for any application that includes studying drought and
water resources problems. In this study, the performances of five satellite rainfall products (CHIRPS,
PERSIANN, TARCAT, TMPA and ARC 2.0) were first investigated by comparing them with gauged
rainfall data from ten independent weather stations across the UBN basin. The statistical approach
was used for the performance evaluation at multiple time scales (i.e., dekadal, monthly and seasonal
time scales). The evaluation process was undertaken to identify the best satellite rainfall product for
spatial and temporal assessment of meteorological drought in the basin. After analyzing the results,
the following conclusions were drawn.
In general, the performance of the five satellite rainfall products were reasonably good in detecting
the occurrence of rainfall and in estimating the amount of dekadal, monthly and seasonal rainfall in
the basin. Comparison of the five-satellite rainfall products have shown that CHIRPS and TARCAT
are the best products, whereas PERSSIAN exhibited the poorest performance when evaluated in all
statistical measures considered in this study at the dekadal time scale. This shows that both CHIRPS
and TARCAT products can be used to develop operational drought or flood monitoring and early
warning system since dekadal time scale better identify periods of low or heavy rainfall events in the
study area. Even though TMPA showed an average performance on other criteria, it scored the perfect
bias that shows its performance to capture the total volume of dekadal rainfall. Hence, TMPA can be
used in the water resource applications that involve the potential use of the total volume of rainfall.
ARC showed an average performance under all the evaluation criteria.
The performances of all the satellite rainfall products were increased as the aggregation period
increases. CHIRPS performed very well under all the evaluation criteria considered during the monthly
and seasonal time scales. Relatively higher correlation coefficients (r > 0.80) and mean Bias (0.98) were
scored when the CHIRPS rainfall product was compared with gauged rainfall on monthly time scale.
In addition, CHIRPS scored the best ME and RMSE in 50% and 80% of the total validation weather
stations. TARCAT scored the next highest performance whereas PERSIANN showed relatively weak
performance. In general, the CHIRPS rainfall product outperformed the other four satellite-derived
rainfall products at monthly and seasonal time scales. Thus, CHIRPS rainfall was selected and used
for further application to study the spatial and temporal patterns of meteorological drought in the
UBN basin. The good performance of CHIRPS and TARCAT may depend on the reduced effect of
pixel-to-point comparison associated with the smaller the grid size. Moreover, the number of the
ground observation stations data used in each satellite rainfall product may have a great contribution
in terms of reducing the errors induced due to the orographic effect of rainfall in the highlands in the
case of the UBN basin.
The temporal assessment of meteorological drought showed the occurrence of mild to severe
historic drought events in the UBN basin. The severity of the known drought years, such as 2014–2015,
2009–2010, 1994–1995 and 1983–1984, was indicated in more than 50% of the weather stations.
The spatial assessment of drought in the UBN basin also showed the occurrence of the extreme drought
event that covered mainly the central, eastern and southeastern parts of the basin. The 2015 drought
was remarkable and clearly indicated in the drought-prone region of the UBN basin (i.e., eastern and
northeastern parts). Generally, the results indicated that the CHIRPS rainfall product could be used
as an alternative source of information to develop the drought monitoring tools for an early warning
system that could help in making better decisions in the UBN basin.
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